Severe weather events, such as extreme temperatures and water scarcity, can have significant impacts on the operation of critical electrical power infrastructure and, consequently, pose major threats to its resilience. Differently from existing studies that focus on the impact of extreme weather on individual power plants, this article quantifies the resilience of thermal power generation to extreme temperatures and the different levels of water availability from a system-level perspective. This article starts by introducing the fundamental engineering models of thermal power plants' cooling systems. A system-level quantification methodology is then proposed, which also introduces a multicoordinate resilience-oriented metric that assesses system vulnerability through the concepts of conditional value-at-risk and its rate of change in response to changes in the considered weather conditions. The numerical results obtained using a simplified version of the British transmission system not only demonstrate that the proposed framework is well suited to quantify the system-level resilience of the test system to extreme temperatures and different levels of water availability and scarcity but also highlight the benefits of using the newly defined resilience metric in such studies.
ΔT
Temperature rise in cooling water. T out max Maximum temperature allowed for cooling water leaving the condenser. T in Temperature of cooling water entering the condenser.
ΔT max
Maximum temperature rise in cooling water. T 1, 2, 3 Abstract temperatures. Resilience function.
I. INTRODUCTION
S EVERE weather and environmental conditions, particularly in the light of climate change, can have substantial impacts on the critical electrical power infrastructure, endangering its reliable operation [1] - [3] . In this context, not only a power system has to be operated reliably facing normal weather and environmental conditions, but it also has to be resilient against various severe conditions, e.g., wind storms [4] - [8] , hurricane [9] , snowstorms [10] , floods [10] , [11] , extreme temperature and water scarcity [12] . More recently, these extreme weather and climate conditions have been identified as key threats to the resilience of the U.K. electricity network in a report published by the Energy Research Partnership, U.K. [13] . As highlighted and investigated in the aforementioned studies, the quantification of power system resilience to these severe conditions is crucial not only for long-term design and planning but it also plays a key role in decision making of short-term operational actions. In order to do so, it is essential to fundamentally understand how critical electrical power infrastructure is affected by severe weather events.
A. Impacts of Extreme Temperatures and Water Scarcity
This article focuses on quantifying the impact of extreme temperature and water scarcity. As analyzed in [14] - [16] , extremely high temperatures and water scarcity due to climate change can increase the vulnerability of the U.S. and European electricity supply. In addition, different pathways to 2050 have been presented and investigated with respect to the U.K. electricity generation and cooling water use [17] , showing a close relation between the cooling water use and security of supply. Moreover, as highlighted in [18] , extreme temperatures and cooling water scarcity may have a significant impact on the electricity prices in Germany. In summary, these studies and policy reports have demonstrated the significance as well as a considerable interest in the research topic of this article from stakeholders representing both governments and industries.
More specifically, the usable capacity of a thermal power plant (e.g., those using coal or gas as fuel) heavily relies on its cooling system efficiency on which extreme temperatures and water scarcity can have a significant impact. In this regard, a number of existing studies [14] , [15] , [19] - [22] developed complex models to quantify how the cooling system efficiency, and thus, the usable capacity are affected by the temperature of air and cooling water, as well as the cooling water availability. These studies suggest that the high temperature of air or cooling water and inadequate cooling water can undermine the cooling system efficiency and, thus, endanger the usable capacity of that thermal power plant. This means that the reliable operation of a power system could be threatened by extreme temperature and inadequate cooling water availability.
However, to the best of the authors' knowledge, the existing studies have not quantified at the system level resilience of electric power generation to extreme temperatures and water scarcity. In this light, this article adopts the transparent models of cooling systems to perform a system-level assessment.
B. Power System Resilience
Power system resilience is a rapidly emerging research topic, which at current stage is still a very broad term covering many aspects of the power system planning and operation [23] . As in [1] , the U.K. Cabinet office considers resilience to be able to foresee, mitigate, adapt to, and fast recovery from a disruptive event. In addition to this, resilience shall also cover the ability to prepare for and adapt to changing conditions, in accordance with the U.S. Presidential Policy Directives [24] . Li et al. also recognized that the power system resilience has not been given a universally accepted definition; however, it is generally focused on the system's adaptability to extreme events [25] . In the CIRED Resilience of Distribution Grids final report [26] , it is highlighted that the concept of resilience should focus on the high-impact low-probability (HILP) events. Similarly, the three key distinguishing features identified in the IEEE PES Industry Technical Support Task Force report [27] also include extreme conditions, HILP events, and relevant impacts on the power system infrastructure [28] , [29] .
Thus, this article focuses on the two key features of resilience, i.e., the impact of HILP events and system's adaptability to the two climatic conditions pointed out earlier in Section I-A. More specifically, it is proposed in this article that the impact of these HILP events on a power system should be quantified by using conditional value-at-risk (CVaR). CVaR-based assessments have been applied in the power system analysis, such as short-term [30] , [31] and long-term [32] , [33] planning, security [34] , [35] and resilience [36] assessments. CVaR quantifies the impact of HILP events over a period of time with consideration of the variation of the conditions, rather than depicting a single event. Additionally, the CVaR's incremental rate in response to any rise in the intensity of the climatic condition can represent the system's adaptability to any change in that condition, as the second feature of resilience considered in this article.
C. Key Contributions
In summary, this article, as a key contribution, demonstrates a framework for quantifying at the system level, the resilience of electric power generation to extreme temperatures and water scarcity, which is enabled by the transparent models of cooling systems in thermal power plants. This is because extreme high temperatures and water scarcity have been recognized as threats to the power system resilience [13] . The presented model is able to capture the short-term recovery of generating capacity by adjusting the conditions of temperatures and water scarcity. Moreover, the new resilience metric based on CVaR (i.e., the resilience coordinate, "RESC") is defined to properly measure the power system resilience with consideration of the two key features of resilience. That is using the CVaR metric for quantifying the impact HILP events over a period of time with a varying climate condition, whilst applying the CVaR's incremental rate in response to any rise in the intensity of the climatic condition under analysis for quantifying the system's adaptability to any change in that climatic condition.
The rest of this article is organized as follows. Section II presents the simulation models developed for different cooling systems. The resilience metric and assessment framework are introduced in Section III. Section IV applies the proposed models and assessment framework to a test version of the Great Britain system with a scenario projected for 2030. Finally, Section V concludes this article.
II. MODELING THE IMPACT OF EXTREME TEMPERATURES AND WATER AVAILABILITY ON THERMAL POWER PLANTS Extreme temperatures and water scarcity can undermine the usable capacity of a thermal power plant, due to their impact on its cooling system. This section introduces the engineering models of cooling systems in thermal power plants including open-loop cooling (OLC) and closed-loop cooling (CLC) systems, as they are the majority [16] .
A. Basic Modeling for Thermal Power Plant Cooling Systems
The cooling systems of thermal power plants, which are independent of a plant's water circuit going through its steam turbine, typically rely on cooling water running through a condenser to discharge the waste heat from a steam turbine. Then, the heated cooling water will be returned to the water source by OLC systems; on the other hand, CLC systems will circulate cooling water in the cooling circuit including a cooling tower, where a small portion of cooling water evaporates and is evacuated into the atmosphere [14] . According to the theoretical models in [15] , the required volume of cooling water (V req ) for operating a thermal power plant at its maximum power capacity (P max ) is proportional to P max and inversely proportional to the temperature rise in cooling water (ΔT ), as in (1) where T in is the temperature of cooling water entering the condenser and T out max is the maximum allowed temperature of cooling water leaving the condenser. In addition, the temperature rise in cooling water is regulated to be within a range, which is represented by ΔT max in the following [15] : and T 2 is equal to T out max minus ΔT max . It is clear that V req will be a constant value V 0 if T in ≤ T 2 , and a higher value of T in , such as T 3 will lead to a significant increase in V req , e.g., increasing from V 0 to V 1 . In fact, the same amount of waste heat can be discharged to the cooling water for operating the thermal power plant at its power capacity P max , when V req follows the curve in Fig. 1 , as expressed in (2) . Based on the models in [15] , it can be approximated in (3) that the usable capacity P usable as a fraction of P max is proportional to the ratio of the actual (E actual ) to the required (E req ) waste heat discharge, as seen in (3) where V actual and ΔT actual are the actual volume of cooling water and the actual temperature rise in cooling water, respectively
(3) Fig. 1 . Required volume of cooling water (V req ) for a cooling system as a function of the intake cooling water temperature (note that the symbols next to both axes correspond to the abstract values and are numbered based on the order of their appearance in the text).
Eventually, the piecewise linear models can be created for OLC and CLC systems based on the basic model of cooling systems in (3), which are introduced in the following part.
B. OLC System Model
As an OLC system extracts a large volume of water from the water source (e.g., a river), the actual volume of cooling water running through the condenser, i.e., V actual in (3) is constrained by the volume of water available for cooling from the water source (V src ) and the water extraction capacity (V ext ), as shown in the following:
Based on (3) and (4), in order to determine the ratio of P usable to P max , water availability factor ω is defined in (5) to represent the available cooling water relative to the volume V 0 in Fig. 1 . Although it is an abstract value, volume V 0 in fact represents the base volume when the temperature rise ΔT max is maintained. In this way, the impact of cooling water sufficiency is abstracted from those values in volume without loss of generality
Afterward, the ratio of P usable -P max as a function of T in and ω can be expressed in (6)-(9), where the piecewise linear functions are formed for different ranges of T in . Note that the coefficients δ and ζ in (7) and (8) represent the relevant efficiency degrading rate within different ranges of in-let cooling water temperature.
More specifically, real operational data reported in [19] show that when T in is lower than a certain level, i.e., T health in (6) and (7), the ratio of P usable to P max can purely be represented by the availability of cooling water, as seen in (6) . On the other hand, a continuous but slight decline in the efficiency of OLC systems will start when T in is above T health , as represented by (7) where δ is the corresponding efficiency degrading rate.
Eventually, further increase in T in will lead to a rapid decline in the ratio of P usable to P max , as depicted by (8) where T risk can be calculated from (10) and (11) . Specifically, T risk is defined to represent the temperature when the actual maximum discharge of waste heat is equal to the designed value, as seen in (10) min
Additionally, coefficient ζ in (8) can be calculated from (12), based on the continuance of the piecewise linear functions in (7) and (8) at the temperature of T risk . On the other hand, based on (11), T risk can even be lower than T health . With regard to this, ω scarce can be defined to represent the level of water availability when T risk is equal to T health , as calculated from (13) . Hence, on condition that T risk is lower than T health , coefficient ζ in (8) will become equal to ω in order to maintain the continuity of the functions in (6) and (8) at the temperature of T risk , whereas the function in (7) is not needed under this condition, i.e., T risk is lower than T health . At the end, when T in is over T shut−down , the power plant has to be shut down, as in (9)
It has to be highlighted here that the introduction of T risk and the series of newly derived formulations in (8) and (11)-(13) are the key improvement to the previous OLC model in [12] . These new considerations lead to a more proper representation of how the usable capacity P usable is affected by water temperature and availability. A numerical comparison will be provided in the case study application in Section IV to highlight the benefits.
C. CLC System Model
As opposed to OLC systems, only a small volume of water has to be withdrawn from a water source in order to compensate the evaporation in CLC systems' cooling towers. For instance, technical data from EDF advise an evaporation rate of 0.75 m 3 /s for a 1450 MW thermal power plant [19] , whereas OLC systems may withdraw a volume of 20 to 60 m 3 /s from the water source [19] . Thus, it is acceptable to assume that thermal power plants using CLC systems are robust to water shortages, and thus, are independent of water availability [19] - [21] . In this article, V actual in (3) is, therefore, assumed to be able to satisfy V req in (2) at all times for CLC systems (i.e., ω is always greater than 1). This implies that CLC systems are mainly affected by T in , i.e., the temperature of cooling water circulated back to the condenser. As the cooling water entering the condenser is from the cooling towers in CLC systems, T in is virtually equal to the corresponding air temperature [19] . In addition, as the cooling water is not returned to any water source, the earlier limit on the maximum temperature of cooling water leaving the condenser can be neglected in the CLC model.
Finally, similar to (6) and (7), the piecewise linear functions in (14) and (15) are used to depict the impact of air temperature (T air , as T in is considered equal to T air ) on the usable capacity P usable when using CLC systems. The coefficient γ in (15) is a declining rate, when T air is above the threshold T health4air .
III. METHODOLOGY FOR QUANTIFYING POWER SYSTEM RESILIENCE TO TEMPERATURES AND WATER SCARCITY
This section introduces a novel metric for quantifying power system resilience, which is defined to represent the key features of resilience, i.e., the level of system vulnerability to particular conditions and the rate of change in the system vulnerability in response to a rise in the intensities of those conditions. Further, the methodology for quantifying at the system-level, the resilience to extreme temperatures and water scarcity is presented.
A. Formulation of New Resilience-Oriented Metric
Panteli and Mancarella have highlighted in their studies that the power system resilience in general stresses on its robustness to withstand and effectively cope with severe and rare conditions, as reported in [3] - [8] . Therefore, two key features of resilience, i.e., HILP events and system responses to those events have to be captured by the metrics measuring power system resilience. Therefore, a newly defined resilience metric is introduced in the following parts.
1) Using CVaR to Capture the Impact of HILP Events: It is clear that the mean-based indices used to capture credible or known contingencies in reliability assessment (e.g., loss of load frequency) are in fact not suitable for evaluating resilience. For instance, as seen in Fig. 2 (where the results correspond to one of the scenarios in Section IV), the mean frequency of capacity shortage is around 4 events per summer (as highlighted by red dotted line), whereas the actual impact of HILP events lies within the tail probability distribution, i.e., the dark shaded tail in Fig. 2 presenting a 5% chance for the frequency of capacity shortage being higher than ten events per summer.
In this regard, the renowned risk metric CVaR measuring tail distributions in [31] and [33] - [35] should be employed to properly quantify the impact of HILP events. More specifically, the CVaR metric is defined in the context of this article as follows.
With a specified cumulative probability p, let f p be the lowest frequency of capacity shortage that with cumulative probability p, the frequency of capacity shortage f will not exceed f p ; hence, p-CVaR is the conditional expectation of the tail frequencies of capacity shortage, as seen in Fig. 2 .
According to Uryasev [37] , the following linear optimization is proposed to calculate p-CVaR based on a set of samples. Let F be the set of sampled frequencies of the capacity shortage, such as using a Monte Carlo simulation and f i be the sampled frequency of capacity shortage in the set F. The sampling size is N F . Thus, the optimization can be formed, where variables a and z i are two auxiliary variables according to Uryasev [37] as follows:
subject to
Finally, the minimum value of the objective function in (16) represents the p-CVaR value for F, i.e., the sampled frequencies of capacity shortage. For instance, the 95%-CVaR in Fig. 2 is 13.4 events per summer.
In (16)-(18), the frequency of capacity shortage has been used as an example for the purpose of demonstrating the formulation. It needs to be highlighted that the p-CVaR can be equivalently and easily evaluated in other terms via the same formulation, such as by substituting the frequency of capacity shortage by the energy not supplied.
2) Building Resilience Function to Capture System Responses: As mentioned earlier, the second feature of resilience is how systems effectively cope with severe and rare conditions, i.e., the response of a system to possible deterioration of the given conditions. This can, thus, be represented by the rate of change in the system vulnerability.
For instance, taking Fig. 1 as an example and assuming that a maximum volume of cooling water equal to V 1 can be provided by the OLC system, the underlying thermal power plant is able to show the same performance (i.e., generating at full capacity) at both temperatures of cooling water entering the condenser T 2 and T 3 , as the discharge of waste heat can be maintained at its maximum level. However, the resilience of this power plant to a high temperature of cooling water is not the same. This is due to the fact that a moderate further increase in T in when T in is equal to T 2 will not affect P usable ; on the contrary, a moderate further increase in T in when T in is equal to T 3 will lead to a substantial decrease in P usable as V actual cannot sustain the massive increase in V req . This means that the underlying power plant is more resilient to temperature T 2 , compared to its resilience to temperature T 3 .
In summary, this implies that a power system being exposed to different intensities of a condition may exhibit the same level of system vulnerability; while these different intensities of that condition could lead to considerably different rates of change in system vulnerability in response to a further rise in the intensity of that condition. In order to offer a systematic understanding of the resilience of a power system to a particular condition, it is hence critical to test the vulnerability of that system under varying intensity of the condition under analysis.
Following the aforementioned test, the vulnerability of a system can, therefore, be expressed as a function of the intensity level of the condition under analysis, as presented in (19), where Φ(I j ) is defined as the system's resilience function. In addition, p-CVaR(I j ) means that the vulnerability of that system is assessed by CVaR-based assessment as introduced earlier, and I j is the intensity level of the condition under analysis, while N I is the number of intensity levels being tested
Subsequently, the differentiation of Φ(I j ) with respect to I j , as in (20) , can represent the system's response and adaptability to any change of the condition under analysis. As shown in (19) , Φ(I j ) is built upon testing the system under multiple intensity levels of the condition under analysis, rather than being derived analytically. Thus, the rate of change in system vulnerability at the intensity level I j of the condition under analysis is defined as the linear approximation of the mathematical differentiation in (20) based on the test interval ΔI j . It is worth noting that the rate of change in the system vulnerability calculated from the following equation can vary depending on the selected test interval ΔI j , and hence, ΔI j should be selected according to the requirement of the relevant studies, which will be case specific:
3) Resilience Coordinates Metric: Ultimately, the new resilience-oriented metric can be defined by combining the two quantifications corresponding to the two key features of resilience, i.e., p-CVaR representing the level of system vulnerability focusing on HILP events and ΔΦ(I j )/ΔI j representing the rate of change in system vulnerability under a given intensity of the condition under analysis. This resilience-oriented metric can, thus, be called more aptly as the "resilience coordinate" (RESC) as
The RESC metric aims to quantify the system's resilience to a changing climate condition over a period of time, rather than representing the system's resilience to a specific extreme event. Essentially, the RESC metric provides a quantitative indication of the adaptability and recoverability of a system exposed to a varying environmental condition through the rate of change in the system vulnerability defined as the linear approximation of the differentiation of p-CVaR with respect to the varying condition under analysis, in addition to the system's vulnerability, which is quantified by p-CVaR.
B. Resilience Assessment Methodology
As mentioned earlier, quantifying system vulnerability using p-CVaR needs a pool of sampled system vulnerability, i.e., F in (17) where the system vulnerability is represented by the frequency of capacity shortage. It is further suggested here that sequential Monte Carlo simulation (SMCS) be adopted as the underlying computational approach so that the time series of temperatures can be properly adopted in the case study application to investigate system vulnerability in summer.
The methodology is then proposed to perform two tasks, i.e., first, create the sampling pool of time series of the usable capacity of thermal power plants being exposed to a particular intensity level of temperatures or water scarcity, and second, perform SMCS to produce the set of sampled frequency of capacity shortage (i.e., F). Afterward, the two tasks can be repeated when varying the intensity level of temperatures or water scarcity, such that the newly defined RESC metric can be quantified for the new conditions. The aforementioned two tasks are illustrated in Figs. 3 and 4 .
For instance, as shown in Fig. 3 the OLC and CLC models in Section II are applied to convert time series of air temperatures and water availability factors into a corresponding time series of the usable capacity of thermal power plants. It has to be pointed out that the intensity of air temperature is defined as the highest air temperature in the sampling pool of all air temperatures, and the intensity of water availability is deemed as the lowest water availability factor [i.e., ω in (5)] in the relevant sampling pool. 
IV. CASE STUDY APPLICATION
This section studies the resilience of a simplified 29-bus GB system [12] to extreme temperature and water scarcity, which is quantified by the new resilience-oriented metric RESC.
A. Simplified GB-Test System and Simulation Data
The generation portfolio of the GB-test system used here is based on the projection for 2030 by National Grid [38] , whereas the cooling system technologies of the thermal power plants in the GB-test system are based on the statistics in [17] . In order to properly take account for the spatial variation in temperatures across the GB power network, the geographical locations of thermal power plants in [39] have been used; meanwhile, the spatial dispersion of wind and solar power outputs are also taken into account based on the article presented in [12] .
The sampling pool of the time series of air temperature is based on the U.K. Climate Projections [40] at three locations across the British network, including Slough for the southern, Manchester for the central, and Edinburgh for the northern network. Further, the sampling pool contains 1000 time series of air temperatures projected for summer 2030 at all the three selected locations.
On the other hand, there is a lack of historical time series of real water flow data. In this case, it is assumed for the sake of simplicity that the flat time series of water availability factor during the entire summer is adopted. This is in line with the fact that in general water flows do not vary significantly in the same season, such as summer. Additionally, the constant value for time series of water availability factor is varied parametrically to represent different levels of intensity. Note that the relevant implications of the results will not be affected and the numerical With regard to demand data, the historical time series of GB demand for the summer in 2016 by National Grid [41] is used in the case studies. Although not being modeled specifically (as this article focuses on generation side), it is acknowledged that the temperature rise in summer may lead to growth of electricity demand (e.g., the uptake of electrical cooling appliances [42] ).
B. Demonstration of Improvement to Cooling System Models
As highlighted in Section II, the newly defined T risk and also the corresponding new formulation for the OLC model provide a more proper representation of the cooling water temperature and availability's impact on P usable . Fig. 5 demonstrates the new OLC model based on the parameters reported for a real nuclear power plant, as presented in Table I [21] .
In the case of Normal water availability, i.e., ω = 1, P usable is equal to P max when T in is below T health (15°C). Following the increase of T in , P usable will decline slowly in the beginning and when T in is over T risk (25°C) it will decrease significantly. On the other hand, better water availability is assumed in the case of Robust water availability, i.e., ω = 2, leading to a higher T risk due to the available cooling water being able to sustain certain increase in V req (such as V 1 in Fig. 1) . Therefore, the significant decrease in P usable is delayed, compared with the Normal case. The observed improvement in the resilience of a thermal power plant to the temperature by increasing the availability of cooling water cannot be captured by the model in [12] . Similarly, as observed in both the cases of Inadequate and Scarce water availability, i.e., ω = 0.8 and 0.4, T risk becomes 22.5 and 10°C, respectively. These both result in the rapid decline in P usable appearing much earlier compared to the Normal case. This deterioration of the resilience of a thermal power plant cannot be represented by the OLC model in [12] . This evidently demonstrates that the newly improved OLC model can better capture the combined impact of temperature and water scarcity. 6 . Time series of the usable capacity of a CCGT using CLC system and the other one using OLC system for one week in summer (different levels of water availability are considered for the OLC system).
C. Demonstration of the Time Series Thermal Power Plants' Usable Capacity in Summer
This section illustrates how the usable capacity of a thermal power plant varies following the air temperature in summer and how the change in water availability level can affect. Table II presents the parameters of cooling systems adopted for different thermal generation technologies considered in this case study application [17] - [22] , whereas Fig. 6 demonstrates the time series of the usable capacity of a CCGT using CLC system and the other one using OLC system for one week. For instance, the usable capacity of the CCGT using CLC system can drop to 80% of its full capacity, while the one with the OLC system could decrease to 55%, due to the impact of extreme temperatures.
Further, time series of the usable capacity of the CCGT using the OLC system under 25% more as well as less cooling water (i.e., ω = 1.25 and 0.75) are also shown in Fig. 6 to demonstrate the impact of water scarcity on the usable capacity of the CCGT using OLC system. It is seen that its minimum usable capacity is 68% and 32% of its full capacity (earlier was 55%) with 25% more and 25% less cooling water, respectively.
D. Thermal Power Plants' Impact on GB System's Resilience to Extreme Temperatures and Water Scarcity
In this section, the test GB system's resilience to extreme temperatures and water scarcity has been investigated. 
1) Base Case:
This part demonstrates the p-CVaR evaluated for the test GB system with and without considering the impact of temperatures and water scarcity. More specifically, the base time series of temperatures projected by the U.K. Climate Projections for 2030 are used, whereas the water availability factor is considered to be 1.0 for the whole summer. Further, the cumulative probability p is varied from 50% to 90% with steps of 10%, and additionally, 95% and 99% are also included. Moreover, the mean values of the frequency of capacity shortage in summer are also provided for the purposes of comparison. The results are shown in Fig. 7 .
It can be seen in Fig. 7 that the values of p-CVaR are at least 1.5× higher when compared between those obtained with and without consideration of temperatures and water scarcity. It is also clear that the mean values are much smaller than these p-CVaR values, e.g., when p is 95%, p-CVaR is three times higher than the mean, as seen in Fig. 7 . This clearly suggests that in order to represent the impact of HILP events, p-CVaR has to be used in the quantification of resilience.
Moreover, Fig. 8 shows the energy not supplied per summer using both expected values and p-CVaRs. Similarly, it is clear Fig. 9 . 95%-CVaR evaluated at multiple intensity levels of temperature and water availability for the test GB system. that extreme temperatures and water scarcity can also affect the energy not supplied per summer significantly. Further, it is also seen that the impact of HILP events is substantially higher than the expected impact. For instance, the expected energy not supplied per summer is 17.6 GWh, whereas the 95%-CVaR shows the impact of HILP events can reach 96.8 GWh about 5.5 times over the expected. This may lead to significant economic losses and, thus, demonstrate the importance of considering the thermal power plants' impact on the resilience of the British system to these environmental conditions, as well as using CVaR-based metric to quantify the impact.
2) Impact of Extreme Temperatures and Water Scarcity at Multiple Intensity Levels: As mentioned in Section III, it is important to test the level of system vulnerability under multiple levels of intensity. This can, thus, enable a systematic understanding of the resilience of that system to the underlying condition using the RESC metric.
This part models multiple intensity levels of temperatures and water scarcity to assess thermal power plants' impact on the test-GB system's resilience. Extreme temperatures, for example, due to heatwaves are represented by the highest temperature in summer, which is projected to be 37.6°C in 2030 [40] . In order to create different intensity levels for temperatures, the base time series of temperatures is shifted, so that the highest temperature would vary within the range between 32 and 47°C (note the official record of the highest summer temperature in Europe is 48°C [43] ). Further, four levels for the water availability factor is considered, i.e., ω = 0.75, 1.0, 1.5 and 2.0. The p-CVaRs are evaluated with a probability of 95%. The resilience functions created for the test-GB system are illustrated in Fig. 9 .
According to Fig. 9 , it is clear that the 95%-CVaR increases when the highest temperature in summer increases; meanwhile, insufficient cooling water (i.e., ω = 0.75) increases significantly the system's vulnerability exposed to the different intensity levels of extreme temperatures. However, it needs to be highlighted that increasing available cooling water could effectively decrease the system's vulnerability to extreme temperatures.
Afterward, the RESC metric is assessed at multiple intensity levels of extreme temperatures based on the resilience functions in Fig. 9 , which are presented in Table III . It can be observed Table III that when being exposed to different levels of water availability, the system's resilience may be different to the same intensity level of temperatures. For instance, the system has the same resilience to the extreme temperature of 34°C. On the contrary, if being exposed to extreme temperature of 40°C, the system becomes less resilient under Normal water availability (i.e., ω = 1.0), compared with higher levels of water availability (i.e., ω = 1.5 or 2.0). As indicated by RESC, not only the level of vulnerability quantified by 95%-CVaR is higher, but also the rate of change in system vulnerability is twice higher than those under the other two higher levels of water availability. This, thus, means that a higher level of water availability is able to improve the ability of the system to cope with extreme temperatures. Briefly, the newly defined RESC metric offers a systematic understanding of system resilience, i.e., when the intensity of a given condition increases, both the level of the system vulnerability and the rate of change in system vulnerability will deteriorate.
3) Enhancing System Resilience to Extreme Temperatures: This section investigates how to enhance system resilience to extreme temperatures. Fig. 6 demonstrates that a higher level of cooling water can effectively increase the usable capacity of the thermal power plants using OLC systems. In this light, this part assumes that the thermal power plants using the OLC system in the test-GB system can double the volume of cooling water in their OLC systems. Further, two distinctive approaches are modeled regarding how the volume of cooling water is increased.
More specifically, Approach A assumes that extra pumps for increasing the volume of cooling water in the OLC systems run at full capacity as soon as the intensity level is over a threshold. On the other hand, Approach B assumes that these extra pumps will gradually increase the volume of cooling water in the OLC systems following a further increase in the intensity level, unlike running at full capacity in Approach A when the intensity level is higher than a threshold. This implies that Approach A is more aggressive than Approach B leading to a higher consumption of electricity within the thermal power plant.
The resilience function as expressed in (19) and the RESC metric is assessed for these two enhancement approaches, as seen in Fig. 10 and Table IV , respectively. The air temperature triggering the enhancement is assumed to be 40°C. As seen in Fig. 10 and Table IV , it is clear that Approach A can reduce the level of system vulnerability (i.e., 95%-CVaR decreases from 16.2 down to 14.5 events per summer). In contrast, Approach B apparently fails to reduce the 95%-CVaR immediately. On the other hand, Approach B is able to maintain the rate of change in system vulnerability to be zero (i.e., the incremental rate of 95%-CVaR is zero). This means that using the level of system vulnerability (i.e., 95%-CVaR) alone fails to give any credit to the resilience enhancement Approach B, which in fact exhibits its value by avoiding any deterioration of system vulnerability. Additionally, and more importantly, a system adopting either Approach A or Approach B demonstrates, as seen in Fig. 10 that it is able to adapt to further increase in temperatures, which is achieved by a better short-term recovery of generating capacity through increasing the volume of in-let cooling water as captured by the presented model. However, the adaptability of the system following the curve represented by Approach B in Fig. 10 can only be properly represented by the incremental rate of 95%-CVaR, whereas the adaptability of the system following Approach A can simply be represented by the decrease of 95%-CVaR. This means that the adaptability of a system to a varying condition can be more properly quantified by the RESC metric. This clearly shows the necessity of using the new RESC metric to evaluate resilience enhancement. These evaluation results can, therefore, provide a broader picture to the decision-makers with respect to the technical effect of each approach on the system's resilience. Further, it has to be noted that the decision on whether Approach A or Approach B is more preferable needs to take account of other factors, such as how much the operational cost is for Approach A and Approach B, respectively.
V. CONCLUSION
A system-level quantification framework is developed in this article for analyzing the thermal power plants' impact on power system resilience to extreme temperatures and water availability/scarcity. A newly improved OLC system model has been developed and a resilience-oriented metric has been proposed, such that two key features of resilience including the level of system vulnerability under a given condition focusing on HILP events as well as the system response to any rise in the intensity of that condition are able to be quantified properly. More specifically, the risk metric CVaR is adopted to measure the level of system vulnerability due to its focus on tail distribution (where the impact of HILP event can be found). In addition, the incremental rate of CVaR is used to measure the rate of change in system vulnerability, i.e., how a system responds to further rise in the intensity level of the underlying condition. Thus, this pair of values including CVaR and its incremental rate forms the new resilience metric RESC, offering a more thorough quantification of resilience.
The results show that thermal power plants have a significant impact on the resilience of the test-GB power system to extreme temperatures and water scarcity. It is found that an increase in the volume of cooling water can improve the resilience of the test-GB system to extreme temperatures. Additionally, it is also found that the actual value of enhancing the system resilience to extreme temperatures by increasing cooling water availability may have to be quantified by the newly defined RESC metric.
Future work aims to incorporate the resilience function and metric into an economic analysis, which can assist not only the long-term system planning but also the short-term operational strategies to enhance the system's resilience.
